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of energy supply for transport could lie with lower-carbon alternatives like biofuels, (IEA, 2004 p171, IPCC, 2007 .
The role of technological change and learning has been well studied for lowcarbon and other energy technologies (see for instance Grübler et al., 1999 and McDonald and Schrattenholzer, 2001) . As is the case for most emerging technologies, the cost reduction resulting from experience or cumulative production is an argument in favour of investing in new, less carbon intensive energy technologies. Growing importance has been given to the role of learning curves in modelling as a way to "identify technologies that might become competitive with adequate investment" (Grübler et al., 1999) . As stated in Grubb (2001) , the study carried out by Grübler et al. (1999) shows that "innovation in renewable energy sources potentially makes them competitive compared to long-term fossil fuel resources as the conventional cheap petroleum resources deplete". Developing accurate experience curves for biofuels is essential for alculating their potential competitive position against other alternatives, like on-conventional oil.
c n
Theoretical framework Decision theory, uncertainty and subjective probabilities
Decision theory is "designed to help a decision maker choose among a set of alternatives in light of their possible consequences"; each alternative is ssociated with one or more probability distributions (Web Dictionary of a Cybernetics and Systems, 2007) .
One approach to measure the uncertainty of events is to use subjective probabilities that are based on reasonable assessments by experts. Those probabilities are subjective as they depend on the subject making the judgements, (Lindley, 1985 p20) . Bayesian theory uses these probabilities to represent the degree of belief of a subject. According to Lindley, probabilities are assumed to express a relationship between a person and the world. In practice, two observers may assign different probabilities to the same event and Lindley uggests that this difference arises due to different levels of information s available to the observers.
The aim here is to express our uncertainty about the future costs of supplying alternative fuels. Numerical modelling is used as a tool to help decision-making: a model is introduced that draws on the user's degree of belief about a series of parameters as an input (for another example, see Hope, 2006) . A probability distribution is assigned to these parameters and the basis of these probabilities is "up-to-date knowledge from science and economics", (Stern, 2006 p33) . The uncertainty associated with the input data is examined, together with the influence of each parameter on the output.
Biofuel resources
Biofuels are "transportation fuels derived from biological sources", (IEA, 2004 p27) . They can be liquid (such as bioethanol or biodiesel) or gaseous (such as biogas or hydrogen). Biofuels can be produced from crop sources (either food crops or non-food crops) and non-crop sources (e.g. forestry residues, industrial waste), (IEA, 2004 p123) . Bioethanol is produced by fermentation of sugars found in a variety of feedstock. There are currently three main feedstock types for ethanol production: sugarcane or sugar beet, grains such as wheat or corn, nd lignocellulosic materials such as wood and straw from agriculture and forest a residues, (IEA, 2004 p34) .
First generation biofuels are made from food crops (Shell, 2007) . The production of first generation bioethanol mainly occurs in Brazil where it is made from sugarcane, and the U.S. where the feedstock used is corn. A major issue concerning the use of food crops for biofuel production is land availability. The area of land required to produce biofuels depends on crop yields and conversion yields from crop input. Large-scale biofuel production from food crops would dramatically reduce the area of land available for food production, (IEA, 2004 p124) . In practice, land requirement puts an upper limit on the potential production capacity of first generation biofuels. This paper models the costs of he energy crops used to produce first generation bioethanol. The costs of roducing bioethanol will be addressed in future work. t p
Learning and technological change
Experience curves are a powerful tool for energy policy making, they are used to "estimate technical change as a result of innovative activities", (Jamasb, 2007 p54) . They give an indication of the investments that are needed to make a echnology competitive, (IEA, 2000) . Experience curves are usually described by he following mathematical expression:
(1) ith w C = unit costs C 0 = initial unit costs X = cumulative production X 0 = initial cumulative production b = experience curve parameter or learning coefficient, b≥0.
The figure below is an illustration of decreasing costs through accumulated experience:
Figure 1 Experience curve
The experience curve parameter b characterises the slope of the curve, (IEA, 2000) . The learning rate (LR) is a parameter that expresses the rate at which costs decrease each time cumulative production doubles, and is given by: LR = 1 -2 -b .
Land resources
Land is a limited and heterogeneous resource. In classical economics, rent is "the income derived from the ownership of land and other natural resources in fixed supply", (Britannica, 2008) . As Ricardo explains:
"If all land had the same properties, if it were unlimited in quantity, and uniform in quality, no charge could be made for its use, unless where it possessed peculiar advantages of situation. It is only, then, because land is not unlimited in quantity and uniform in quality, and because in the progress of population, land of an inferior quality, or less advantageously situated, is called into cultivation, that rent is ever paid for the use of it. When in the progress of society, land of the second degree of fertility is taken into cultivation, rent immediately commences on that of the first quality, and the amount of that rent will depend on the difference in the quality of these two portions of land", (Ricardo, 1817).
The need to use less suitable land should therefore be taken into account when assessing the prospects for the costs of supplying biofuels. Land is heterogeneous and of limited supply, and it is economically rational to use the low cost, high quality resources first. If we assume that crop production costs are egatively correlated to the suitability of land, it follows that the most suitable n land will be first taken into production.
By definition, rent is the difference between total costs and total revenue, and "competition for land ensures that the landowner gets the excess of total revenue over total cost", (O'Sullivan, 2005 p18 ). If we assume that the price of crops is determined by the costs of production on marginal land (Friedman, 1998) , suitable land will show higher rent than land with lower productivity, as shown below. The scarcity of suitable land, which leads to the existence of rent, will affect the costs of producing on marginal land, (Friedman, 1998) .
Figure 2 Land rent
The least suitable land, also called marginal land (in orange on Figure 2 and Figure 3 ), earns no rent. Moreover, the rent of the most suitable land increases as more and more land is brought into production, as shown in Figure 3 below:
Figure 3 Land rent over time
The approach taken by modellers is to try to reflect how the marginal productivity of land could evolve as more land is brought into production, and under a given state of knowledge. Van Meij et al. (2006) , Eickhout et al. (2008) and Bakkes et al. (2008) introduce land productivity curves into IMAGE showing crop productivity as a function of cumulative land (cf. Appendix I.1).
Our model focuses on the marginal cost of producing crops, i.e. the cost of producing crops on the marginal hectare of land at a given time. The marginal production cost is more broadly relevant as it will reflect the costs faced by landrenting farmers on every type of land under cultivation at that time. These farmers will encounter the specific cost of production associated with the suitability of the land they cultivate, which by definition will be lower than the marginal cost on the least suitable hectare of land, plus the rent owed to the landowner, i.e. the difference between the marginal cost at that time and their specific costs of production. In total, every crop-producing farmer will therefore face the cost of producing crops on the marginal hectare of land. With a given tate of knowledge and experience, every farmer will thus see increasing costs of s production (cf. Figure 3 ).
To conclude, both technological advances and the limited supply of land are driving the supply of crops and both need to be taken into account to forecast future crop costs.
Research design Methodology
This is a forward-looking analysis of the upstream liquid fuel industry, which describes the effects of both learning and production constraints on the costs of supplying energy crops.
Achievable yield
Equation (2) summarises the maximum yield model for first generation crops and builds on Equation (c) from Appendix I.1. A constant is added to the equation as the marginal yield is not necessarily zero when all agricultural land is used. The achievable marginal yield is a decreasing function of the area of land Q in cultivation, as the most suitable land is used first: The exponent of the land productivity curve γ defines the pace at which land use is driving down the marginal achievable yield. We also have
An illustration of the land productivity curve, i.e. the maximum yield as a function of the share of land used, is shown below.
Figure 4 Maximum achievable yield illustration
The maximum yield will also benefit from developments in biotechnology. We assume that the maximum value of the achievable yield (Y initial ), on the most suitable hectare of land, will benefit from technological developments. Y initial is the value of the maximum achievable yield Y MAX when the share of land used is zero, it is the starting point of the maximum yield curve. Y initial will increase with cumulative production according to the following equation:
aximum yield with Y initial0 = initial value of the initial m X = cumulative production X 0 = initial cumulative production g th b YMAX = learnin coefficient, associated with e learning rate LR YMAX The minimum value of the achievable yield (Y min ), i.e. on the least suitable hectare of land, will also benefit from these developments, the difference Y initial -Y min is therefore assumed to be constant, and equal to Y initial0 -Y min0 , with Y min0 the initial value of the minimum achievable yield Y min .
Actual yield
The gap between the actual marginal yield and the maximum achievable marginal yield is the yield gap, which decreases with cumulative production, through improved production technologies and management practice. We define the yield gap g as follows. The yield gap comes closer to zero with experience (or cumulative production):
arginal yield W Y ith e m d MAX = maximum achievabl Y actual = actual marginal yiel X = cumulative production X 0 = initial cumulative production g = yield gap g 0 = initial yield gap e learn b Yactual = learning coefficient, associated with th ing rate LR Yactual Figure 5 illustrates how the yield gap between the maximum achievable marginal yield and the actual marginal yield decreases with cumulative production.
Figure 5 Yield gap

Marginal costs
Marginal costs are primarily driven by the actual marginal yield. We define the marginal costs of producing the crops as the inputs, in US$ per hectare, divided by the actual marginal yield in GJ per hectare.
With C = marginal costs of producin I = input, i.e. the amount of ca g crops pital and labour used per hectare of land Y actual = actual marginal yield While marginal yields are assumed to increased through induced technical change (cf. equations 6 and 7), the input I is assumed to be decreasing as a result of generalised (autonomous) technical progress in the economy: the level of input needed to obtain the same level of output is assumed to decrease over time, see (Grubb et al., 2002) for a description of induced vs. autonomous technical change. So, if we assume a constant marginal yield (e.g. 1 GJ/ha), the amount of capital and labour that is needed to produce that GJ will decrease with time as th ⋅ e economy performs better. Accordingly, we introduce the following form for the input I:
For instance, as new fertilisers become cheaper as the economy performs better, the capital needed to produce one GJ/ha decreases. Because the mechanism allowing for the lower fertiliser costs is not directly linked to the corn and sugar cane industries, but rather to the performance of the economy as a whole, the input variable is chosen to be autonomous rather than induced for simplification purposes. The approach to include both induced (as it is the case here for the yields) and autonomous technical change is standard practice. This approach was used for instance in the MERGE model (Manne and Richels, 2004 p4,9) , here both learning-by-doing and autonomous improvements in the w productivity of labour and energy were incorporated.
The initial input I 0 is derived from the costs (C 0 ) and actual marginal yield (Y actual0 ) at time t 0 :
Crop production and land use The cumulative production (X) and the amount of land used (Q) are linked. The production rate (x) and the actual marginal yield (Y actual ) will determine the area of land that is needed to meet demand. More precisely, the production rate is the sum of the yield over the whole spectrum of land, as described in the following equation:
The production rate is illustrated below as the shaded area shown in blue: This part of the model is not entirely satisfactory, as the production rate is determined exogenously:
ith d = rate of increase in dem = production rate (GJ per year) W x and (no unit)
In practice, the production rate will depend on ethanol and petrol prices, which in turn can be influenced by the production costs, and this feedback loop should be a matter for further research.
Illustrative use of the model
The model aims at calculating the cost of energy crops, and focuses on U.S. corn and Brazilian sugar cane. In the first approximation, a triangular distribution is assigned to each parameter. Each distribution is defined by a minimum, a maximum and a most likely value. The direction of the skew of the triangular distribution is set by the size of the most likely value relative to the minimum and the maximum, (Palisade, 2007 The very suitable to marginally suitable area lies between 1.09E+08 and 2.69E+08 ha for corn production in the U.S. and 3.9E+07 and 3.9E+08 ha for sugarcane production in Brazil, depending on the levels of input and irrigation. GAEZ estimates of land suitability don't account for competing land uses. In total, 7% of the gross potential arable land (rainfed) in North America consists of settlements and protected land, (FAO, 2000 p39) . We assume that this percentage is applicable to the gross potential arable land of the USA of 3.5E+08 ha (FAO, 2009d) , i.e. 0.25E+08 ha are used for settlements and protected area in the USA. The range of Q T for U.S. corn is thus chosen as 1.09E+08 -2.45E+08 ha, i.e. 11 to 24% of total country area, (FAO, 2009c) . In 2005, the harvested area for U.S. corn totalled 3.04E+07 ha (FAO, 2009a) , which gives a share of suitable land used between 0.12 and 0.27. In the case of South and Central America, 6.5% of the gross potential arable land (rainfed) consists of settlements and protected land, (FAO, 2000 p39) . We assume that this percentage is applicable to the gross potential arable land of Brazil of 5.5E+08 ha (FAO, 2009d) , i.e. 0.4E+08 ha are used for settlements and protected area in Brazil. This estimate doesn't take into account the fact that some suitable land for sugar cane production might be occupied by forest. Following Young (1999, p15), we assume that 10 to 20% of cultivable land would be occupied by forest that should be preserved, i.e. 0.4E+08 to 0.8E+08 ha, which gives 3.1E+08 as the upper bound of the range of Q T for Brazilian sugar cane. The range for Q T is thus chosen as 3.9E+07 -3.1E+08 ha for sugar cane production in Brazil, i.e. 5 to 36% of total country area, (FAO, 2009c) . In 2005, the harvested area for Brazilian sugar cane totalled 5.8E+06 ha (FAO, 2009b) , which gives a share of suitable land used between 0.02 and 0.15.
b) b. Exponent of the land productivity curve, γ
In (Eickhout et al., 2006 p67), land productivities are expressed "on a relative scale between 0 and 1 on the basis of the potential crop productivity". The exponent of the land productivity curve is calculated using the simple model described in equation (11). The simplest approach is to consider the logarithmic form of equation (5): 
c) Yields
Initial maximum crop yield Y initial0 at time t 0
We define the maximum achievable crop yield as the yield, in metric ton per ha, that could be reached on a given plot of land with optimal climatic conditions, using the best crop variety available, and assuming the full recovery of dry matter during harvest. The terms "theoretical yield potential" (Tollenaar, 1983), "yield potential" (Evans and Fisher, 1999) , "biological maximum grain yield" (Fisher and Palmer, 1983) and "potential crop productivity" (Eickhout et al., 006) are used in the literature. We assume that these all refer to the maximum 2 achievable crop yield defined above and used in the model.
The potential crop productivity used in (Eickhout et al., 2006) for corn in temperate areas is 24.4 ton/ha, (Stehfest, 2008) . This value is obtained from the IMAGE potential crop productivity module, which was based on an earlier version of the GAEZ model developed by IIASA and FAO. Tollenaar (1983) estimates at 25 ton/ha (dry matter) the theoretical yield potential of corn in North America. The following table summarises the estimates of maximum achievable corn yield found in the literature. Table 2 Maximum achievab e yields: corn These values are above the maximum corn yields actually occurring in very suitable land in the U.S., which are between 12.7 and 17.5 ton/ha (high inputs), (IIASA, 2002) . The gross and net heating values of corn (whole crop) used in the above table are 17.7 and 16.5 GJ/ton respectively, (BIOBIB, 2008) . The range for l Y initial0 for U.S. corn is thus chosen as 24.4 -31 ton/ha (dry matter), i.e. 400 -550 GJ/ha.
The following table summarises the estimates of maximum achievable sugar cane yields found in the literature for some regions with good to very high suitability for rain-fed and irrigated sugar crops (IIASA, 2002) .
Cane yield (fresh weight, t/ha)
Stalk yield (dry weight, t/ha) The stalk yield (dry weight) is obtained by multiplying the cane yield (fresh weight) by 0.3, as presented in (Irvine, 1983 p372) . The dry stalks contains from 42 to 68% of saccharose, and 32 to 58% of fibre, (CGEE and BNDES, 2008 p68 
Equation (13) 
Production and demand parameters
Costs and inputs
C 0 is the cost of supplying energy crops at time t 0 . The The range for the costs of producing corn at time t 0 is therefore chosen as: 2.9 -8.8 US$/GJ. The range for the costs of producing sugar cane at time t 0 is therefore chosen as: 2.2 -3.0 US$/GJ.
The initial input I 0 is derived from the average costs (C 0 ) and the average yield at time t 0 : 
Learning parameters
The experience curve theory, when used for technology forecasting, assumes that the learning rate will remain constant over time, and the model implies that the rate of learning for emerging technologies will be greater than for mature technologies. According to Margolis (2002) , "the process of innovation is inherently uncertain". The potential for breakthroughs is difficult to quantify and is not fully captured in the experience curve theory. Also, the ability of a technology to continue benefiting from learning is uncertain (IEA, 2000 p92), as the learning curve theory ignores theoretical and technical limitations that may hinder further cost reductions. For these reasons, and in order to capture the ncertainty associated with the future learning pace of these technologies, a u range of estimates is assigned to the learning rate parameter.
According to (Duvick, 2005) , both plant breeding and improved management practices are responsible for the rise in U.S. corn yield that occurred between the 1930s and today. The following numbers for learning rates for corn, sugar cane and ethanol production are found in the literature: (2007 p6) estimates at 0.18 (corn) and 0.2 (sugar cane) the learning rates for ethanol production, and points out that feedstock production shows higher learning rates than industrial processing, The anges for the overall learning rate of crop production are thus chosen as follow: r 0.24 -0.47 for corn and 0.2 -0.35 for sugar cane production.
The introduction of genetically modified varieties and improved management practices will allow further cost reductions in cane production, but there is great uncertainty about the relative influence of improved practice, which will be reflected in LR Yactual , and better varieties, which will be reflected in LR YMAX . We attempt to separate these effects when setting parameter values.
a) Sugar cane
The yield gap between the actual yield and the maximum potential yield is assumed to decrease with experience, and Irvine predicts higher sugar cane yields through improved plant breeding (1983, p378) . Two main sources are used to estimate LR Yactual and LR YMAX . Firstly, according to Burnquist, cited in (van den Wall Bake et al., 2009, p10), the introduction of "optimal logistic systems", the wider adoption of state-of-the-art technologies and larger scale transportation systems should allow further cost reductions. Burnquist estimates that these factors alone, without the introduction of genetically modified crops, could decrease sugar cane production costs by 20 to 40% in the next fifteen years. Van These figures are used to estimate the relative effect of genetic manipulation and improved management and derive LR YMAX and LR Yactual , assuming 1%, 5% and 8% annual growth in sugar cane production and no impact of the decreasing suitability of the marginal land, as that effect was not explicitly taken into account in the referenced sources. In order to do so, the model is extended to the period 1975 -2005 and the average yield is calculated and fitted to historical yield data from IPEADATA. The ranges of LR Yactual and LR YMAX are chosen so that he average yield increases between 1 and 2% per year over the period 2005 -t 2055, which gives LR Yactual = 0.04 -0.1 and LR YMAX = 0.04 -0.1.
Technical change reflects "improvements in the way the inputs are used", (McKibbin et al., 2004 p12) . In the farming industry, technical change has resulted in "less input per required unit output", (Gardner, 2003) . Once the ranges of LR Yactual and LR YMAX have been set, the range of α is chosen so that the projected average costs coincide with the estimates from van den Wall Bake and Burnquist mentioned previously. The resulting range is α = 0.005 -0.02. These ranges are compatible with the overall learning rate of 0.2 -0.35 for sugar cane production costs.
b) Corn
Reilly and Fuglie estimate maize yield increase between 1.3% and 3.2% per year from 1994 to 2020, using a linear model (1998 p280). According to Cardwell (1982) cited in (Tollenaar et al., 1994 p189) , changes in management practices were responsible for 43% of the total increase in corn yields from 1930 to 1980 in the U.S. The contribution of genetic improvements to historical corn yield mprovement was also measured in various regions: these results are reported n (Tollenaar et al., 1994 p189) Also, Long et al. (2006 p315) argue that genetic manipulations could improve the corn yield potential by 50%, potentially within 10 to 15 years. These figures are used to estimate the relative effect of genetic manipulation and improved management and calibrate LR YMAX and LR Yactual , assuming no impact of the decreasing suitability of the marginal land. In order to do so, the model is extended to the period 1995 -2005 and the average yield is calculated and fitted to historical yield data from USDA (2008) . This gives ranges of LR Yactual = 0.07 -0.22 and LR YMAX = 0.1 -0.33. Again, it should be noted that the higher estimates of the learning rates for corn and sugar cane production might not be sustained in the very long term, as was discussed earlier.
Gardner reports an average rise in multifactor productivity (i.e. output divided by inputs) of 2% p.a. between 1930 and 2000 in U.S. agriculture, which exceeded the productivity rise in manufacturing. Saunders (1992) estimates technical progress at about 1.2% per year. Once the ranges of LR Yactual and LR YMAX have been set, the range of α is chosen so that the projected average costs coincide with the estimates from Hettinga (2009) . The resulting range is α = 0 -0.01. That range is of the same order as the rate of technical progress across the U.S. economy mentioned above. These ranges give results that are compatible with the overall learning rate of 0.24 -0.47 for corn production costs. Table 9 summarises the ranges that are assigned to each parameter in the model. The wide ranges reflect the large uncertainty on these parameters. These ranges are illustrative: they are better than guesses but they are not the result of a formal elicitation exercise. It is assumed that all these parameters are independent. These ranges are fed into the model to obtain some preliminary results.
Summary
U.S. corn
Preliminary results: U.S. corn Yields and costs with some learning or technical progress
The following results are obtained for the maximum marginal and actual marginal yields, the marginal costs and the average costs of corn production in the U.S. with different assumptions about the learning and technical progress parameters (LR Yactual , LR YMAX , α). In our model, the marginal costs are defined as the costs of producing crops on the least suitable unit of land under cultivation. The first set of graphs (1) shows the results when all learning parameters are set at zero. The learning parameters are then introduced one at a time to illustrate the structure of the model and to show the relative influence of each parameter on the results. The centre lines (full) show the mean values. On the cost charts, the two lines above the mean are the 75th and 95th percentiles. The two lines below the mean are the 25th and 5th percentiles: the narrower the band, the less the uncertainty about the results. The uncertainty about future yields increases with time. The ranges coincide with the literature estimates listed in Table 9 for all the parameters except the three learning parameters (LR Yactual , LR YMAX , α).
When all learning parameters are set at zero (1), the results show decreasing marginal yields, with for example mean values of the actual marginal yield dropping from about 125 GJ/ha in 2005 to 36 GJ/ha in 2060. Costs are increasing from 6.5 US$/GJ in 2005 to almost 50 US$/GJ in 2060 (mean values): with no learning and technical progress, the decreasing suitability of the marginal land drives the costs up. When the technical progress parameter, α, is set at 0-0.01 (2), the results show decreasing yields, but costs are increasing more slowly, from 6.5 US$/GJ in 2005 to 23 US$/GJ in 2060: the amount of inputs needed to produce the same amount of crops is decreasing. When the learning parameter associated with the actual yield, LR Yactual, is set at 0.12-0.24 (3), the results still show decreasing maximum yields (LR Yactual does not influence the marginal maximum yield) but the marginal actual yield is now slightly increasing in the 95 th percentile: the yield gap narrows thanks to improved management practice. When the learning parameter associated with the maximum yield, LR YMAX, is set at 0.1-0.33 (4), the results show increasing marginal actual and maximum yields t the end of the period: in 2060 the maximum marginal yield reaches 300 GJ/ha a (mean value). These increasing yields are driving crop costs down.
The steep decrease of the maximum marginal yield shown as the 5 th percentile of the yield curve (in case (1) from 345 to 55 GJ/ha in 30 years) corresponds to high demand growth (the maximum of this parameter is 7.4% p.a.). In that case, he amount of land used for corn production reaches the upper bound of the total t suitable land available for corn production before the end of the period.
The absolute values mentioned above should be considered with caution, as they were obtained by excluding some of the learning and technical progress arameters that are believed to influence crop yields and costs. We consider the esults with all parameters active in the next section.
p r Figure 8 shows the maximum and actual marginal yields, the average yield, the average costs and the marginal costs of corn production in the U.S. with all input ranges as shown in Table 10 .
Yields and costs with all learning and technical progress
Figure 8 Yields and crop costs, U.S. corn, all
This model reveals the kind of uncertainties that need to be dealt with when designing policies. All three learning parameters are now included to obtain the results shown in Figure 8 . The mean value for the maximum marginal yield benefits from new biotechnologies and is increasing in the second half of the period (as it was shown on exhibit 4 of Figure 7 ). The marginal yield is now influenced by increasing maximum achievable yield and decreasing yield gap, as both learning effects are now included (learning parameters LR Yactual , LR YMAX , were taken separately in 0): the maximum achievable yield is driving up the marginal actual yield as the yield gap is decreasing with learning. Crop costs are calculated from the marginal yield, and are influenced by the generalised technical progress parameter α. The results show large uncertainties, with marginal costs falling in the range of 2.9 to 7.2 US$/GJ in 2030 (2005 US$). Costs decrease by over 40% between 2005 and 2060 (mean value). The 5 th percentile line shows strictly decreasing marginal costs, while the 95 th percentile line shows decreasing marginal costs in the first half of the period, increasing marginal costs between 2030 and 2045, and decreasing costs after 2045. In the first half of the period, the total amount of suitable land hasn't been reached, and experience and technological developments are driving down the marginal costs. As more marginally suitable land is used, the decreasing productivity overtakes experience, and marginal costs increase until the total amount of suitable land is used. In 2045, all suitable land is used (in the 95 th percentile). The suitability of land is thus fixed, and marginal costs will then only be influenced by experience and technological developments.
Influences
The influence of each parameter on these results is examined further by using the sensitivity analysis in Palisade's @RISK. The influences shown in Figure 9 are obtained from a simulation of 10,000 iterations. The results show that parameters C 0 and g 0 have the biggest influence on the marginal costs in 2030 (light) and C 0 and LR YMAX have the biggest influence on the marginal costs in 2060 (dark): the results show that an increase of one standard deviation of C 0 in 2030 would increase marginal costs by 0.99 US$/GJ, or about 21% of its mean value, while an increase of C 0 in 2060 would increase marginal costs by 0.76 US$/GJ, or about 20% of its mean value. In 2030, an increase of one standard deviation of g 0 would increase marginal costs by 0.46 US$/GJ (10%). In 2060, it would increase marginal costs by 0.32 US$/GJ (9%), while an increase of one standard deviation in LR YMAX would decrease marginal costs by 0.5 US$/GJ (13%). Higher initial costs (C 0 ) and a higher initial yield gap (g 0 ) induce higher marginal costs. Although Y initial0, the initial maximum achievable yield in 2005, is the third most influential parameter in 2030, its influence decreases towards the end of the period. LR YMAX is the learning rate associated with the maximum achievable yield. A high LR YMAX will enhance the maximum yield (as it will benefit more quickly from improved technology) and will therefore lower the costs, hence the negative sign of the sensitivity. LR Yactual is the learning rate associated with the yield gap, and a higher LR Yactual means higher actual yields, hence lower costs. The amount of land suitable for corn production, Q T , is positively correlated with the marginal yields (Y MAX and Y actual ), so the costs of producing the crops will be lower if more land is available. α is the rate of technical progress across the economy, and a higher α means that more crops can be produced with less input, which translates into lower production costs. Higher demand induces higher marginal costs. Learning and the decreasing suitability of the marginal land are driven by production: costs decrease with experience and the marginal productivity of land decreases as more land is brought into production, so the regression coefficient associated with demand suggests that the dominant effect is the decreasing suitability of the marginal land over the whole period.
Two effects are driving the costs in opposite ways: technological change and the decreasing suitability of the marginal land. In order to illustrate the evolution of both effects, we examine the influences on costs over time. The learning parameters LR YMAX (technological change), α (general technical progress) and LR Yactual (experience) are gaining influence on costs over time. Q T affects the onset of the decreasing suitability of the marginal land: the influence of Q T is positive and reaches a peak in 2040. The influence of demand growth (d) reaches a peak after 2040, following the evolution of the influence of Q T . In the beginning of the period, higher demand drives the decreasing suitability of the marginal land, driving up the costs. As the maximum marginal yield comes closer to the minimum value of the achievable yield Y min , driven by higher demand (in the 5 th percentile of the yield chart on Figure 8 ), the potential for further cost increase linked to the decreasing suitability of the marginal land is reduced, and the influence of d decreases. To conclude, the effect of learning slowly overtakes the effect of the decreasing suitability of the marginal land on marginal costs.
ooking at these influences helps us to concentrate on the most influential arameters to refine the study in the future.
L p
Preliminary results: Brazilian sugar cane
The following results are obtained for the maximum marginal and actual marginal yields, the marginal costs and the average costs of sugar cane production in Brazil with various ranges assigned to learning parameters (LR Yactual , LR YMAX , α). Again, the marginal costs are defined as the costs of producing crops on the least suitable unit of land under cultivation. The first set of graphs (1) shows the results when all learning parameters are set at zero. The learning parameters are then introduced one at a time to illustrate the structure of the model and to show the relative influence of each parameter on the results. The learning parameter LR YMAX has a similar effect on the maximum yield: the maximum achievable yield is decreasing more slowly in (4) than in the previous cases, from 1064 GJ/ha in 2005 to 694 GJ/ha in 2060 (-35%, mean values) . This in turns affects mean actual marginal yields, which are decreasing more slowly, from 356 GJ/ha to 233 GJ/ha (-35%), even with a constant range for the yield ap. Costs are increasing much more slowly in this case, from 3 GJ/ha in 2005 to g only 5.5 GJ/ha in 2060.
The steep decrease of the maximum marginal yield shown as the 5 th percentile of the yield curve (in case (1) from 945 to 336 GJ/ha in 35 years) corresponds to high demand growth (the maximum of this parameter is 8.0% p.a.). In that case, the amount of land used for sugar cane production reaches the upper bound of he total suitable land available for sugar cane production in Brazil before the t end of the period. Figure 11 shows the results obtained for the maximum marginal and actual marginal yields, the average yield, the marginal costs and the average costs of sugar cane production in Brazil with the parameter ranges shown in Table 10 . As more marginally suitable land is used, the decreasing suitability of the marginal land overtakes experience, and marginal costs increase until the total amount of suitable land is used. In 2050, all suitable land is used (in the 95 th percentile), and marginal costs will then only be influenced by experience and technological developments.
Influences
The influence of each parameter on these results is examined further by using the regression sensitivity analysis in Palisade's @RISK. The following influences are obtained from a simulation of 10,000 iterations. The results show that the parameters Q T and d have the biggest influence on the supply costs in 2030 (light) and 2060 (dark): the results show that in 2060, an increase in d would increase marginal costs by 0.62 US$/GJ, or about 32% of its mean value, while an increase of one standard deviation of Q T would decrease marginal costs by 0.50 US$/GJ, or about 25% of its mean value. The amount of land suitable for sugar cane production (Q T ) is driving down the marginal yields (Y MAX and Y actual ), and crop production costs will be lower if more land is available, hence the negative influence of Q T . Higher demand (d) induces higher marginal costs, weakly so in 2030, but strongly in 2060. α is the rate of technical rogress across the economy, and a higher α means that more crops can be p produced with less input, which translates into lower production costs.
Two effects are driving the costs in opposite ways: technological change and the decreasing suitability of the marginal land. In order to illustrate the evolution of both effects, we examine the correlation sensitivities of costs over time. The learning parameters LR YMAX (technological change), α (general technical progress) and LR Yactual (experience) are gaining influence on costs over time. The influence of Q T is also increasing and peaks around 2055. The influence of the growth rate of demand (d) is increasing over time and follows the same evolution as the influence of Q T . In the case of sugar cane, the peak of the influence of the demand parameter is reached later than in the case of corn. The shift in the effect of demand growth between corn and sugar cane is explained by the fact that the initial share of suitable land used for sugar cane production in razil is lower than the initial share of suitable land used for corn production in he U.S., as shown below.
B t Figure 13 Share of suitable land used and rent over costs for Brazilian sugar cane and U.S. corn
The share of rent in total production costs is increasing as more land is brought into production. In the case of U.S. corn, the share of rent in total production costs peaks in 2040 and slowly decreases afterwards (95 th percentile). This corresponds to the time when the share of suitable land used for corn in the U.S. becomes close to one (95 th percentile). When all suitable land is used, xperience is the only driver of marginal costs: marginal costs peak before 2045 e (95 th percentile on Figure 8 ) and lower marginal costs induce lower rents.
he results of the model are compared to cost estimates found in the literature in able 10. 
T t
Model output
Conclusion and further work
This research ultimately aims to reveal the effects of experience, technological developments and production constraints on the costs of supplying alternative fuels. In this paper, a model describing the effects of learning and decreasing suitability of the marginal land on the costs of supplying corn and sugar cane has been introduced. The learning, resources and production parameters of the odel are not known precisely, and uncertainty was introduced by assigning a m distribution to each parameter.
The results show large uncertainties in the future costs of supplying corn and sugar cane, with a 90% confidence interval of 2.9 to 7.2 $/GJ in 2030 for marginal corn costs in the U.S., and 1.5 to 2.5 $/GJ in 2030 for marginal sugar cane costs in Brazil. The sensitivity analysis shows that production is first driving costs up, as the productivity of the marginal land decreases. As the maximum marginal yield comes closer to its theoretical minimum, the potential for further cost increase linked to the decreasing suitability of the marginal land is reduced, and learning dominates in the longer term. This phenomenon occurs first in the U.S., as the total area of suitable land for corn production in the U.S. is used earlier than the total area of suitable land for sugar cane production in Brazil. The share of rent in total production costs increases as more land is brought into production. In the case of U.S. corn, the share of rent in total production costs eaches a plateau when all suitable land is used. Marginal costs then decrease r thanks to experience and induce lower rents.
Bioethanol is obtained by the fermentation of sugars found in the crop feedstock. A model for conversion costs will be introduced: the costs of producing ethanol will be calculated from the costs of crop and the conversion yield, driven by accumulated experience. The environmental costs associated with the production of biofuels are not presently included in the cost estimates. In particular, the cost of carbon will be considered when assessing the costcompetitiveness of these fuels. Carbon emissions from crop production and conversion stages will be assessed, and the social cost of carbon will be used to calculate the total carbon costs associated with ethanol production from U.S. corn and Brazilian sugar cane. High carbon prices will impact on investment into alternative fuels supplies, and will therefore influence the scale of production and trend in supply costs. The costs of supplying ethanol will be later compared to the costs of petrol from non-conventional fossil resources, including learning, depletion and carbon costs. It is expected that the study will inform decision makers on the type of policy and the scale and timing of investments that will be needed to meet the growing demand for liquid fuels while satisfying CO 2 constraints, and the model described here is a step in this direction. 
